Introduction
Diesel and jet engines remain the predominant combustion technologies for the heavy duty, automotive, and aviation sectors, due to their performance and fuel economy [1] [2] [3] [4] .
The need for improved fuel economy and increasingly stringent emission regulations have motivated diesel and jet engine manufacturers to optimize fuel injection equipment (FIE) design. Sophisticated and complex FIE systems not only have to perform at extreme operating conditions but also need to be robust. They need to ensure performance for diesel and jet fuels that vary in composition in different markets.
Experimental development, testing, and validation of these technologies is a significant time and resource-intensive process.
To accelerate this process and reduce costs, computational fluid dynamics (CFD) simulations are routinely used by manufacturers to evaluate, understand, and optimize FIE design and operation. Many numerical methods and approaches have been developed to simulate the performance of fuel injectors and provide insight into the physical processes taking place inside these systems [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] . Accurate simulation of the flow field within the FIE and phenomena observed further downstream (e.g., jet breakup and spray formation) is required to ensure their reliable predictive capability. In an approach to meet stringent fuel economy and emission targets, FIE manufacturers are developing new diesel injector designs that operate at pressures up to 4,500 bar [20] to achieve improved flow and spray performance.
Accurate simulations of the flow field are dependent on accurate representations of thermophysical properties of the fuel (e.g., density, isothermal compressibility, volumetric thermal expansion coefficient). A recent CFD study [21] predicted up to 7% variation in mass flow rate through diesel injectors when accounting for the temperature and pressure dependence of thermophysical properties in the model. Local temperatures were shown to increase by as much as 180 °C when fuel was discharged through diesel injectors, due to significant friction induced heating near the injector walls, which overcame cooling effects that occur due to depressurization. CFD has been used to demonstrate temperature and pressure effects on nozzle flow and cavitation [22] , fuel vaporization [23] , and spray distribution [24] . Thermophysical property models of fuels are needed to accurately predict their high temperature and high pressure (HTHP) behavior.
Experimental measurement of fuel properties at HTHP are expensive and time consuming, and data are often not available. These limitations can be overcome using an equation of state (EoS) to calculate mixture properties beyond the range of experimental observations. Among the general classes of EoS used in modeling properties of hydrocarbon mixtures are cubic EoS (e.g., Peng Robinson (PR) and Soave-RedlichKwong (SRK) [21] [22] [23] ). Another class of EoS are those based on the Statistical Associating Fluid Theory (SAFT) [24] [25] [26] [27] , generally acknowledged as superior in predictive ability [28] [29] [30] [31] [32] . Many modifications to the original SAFT EoS have been proposed, with perhaps the most widely used in industry being the Perturbed-Chain SAFT (PC-SAFT) EoS of Gross and Sadowski [33] .
The computational time for a CFD simulation increases significantly, often non-linearly, with the number of components in a mixture. Often, a small number of components are chosen as a surrogate mixture to closely match the thermophysical properties of the fuel [34] [35] [36] [37] [38] [39] [40] [41] . Despite the relative computational simplicity surrogates may offer, selection of the individual components and their concentrations is difficult and involves a significant amount of manual effort. Furthermore, since the surrogate mixture is optimized for a specific fuel, this mixture cannot be expected to predict the properties of another fuel with a different composition.
Another approach is to represent a complex mixture (e.g., fuels, crude oils) through one or more pseudo-components [42] [43] [44] [45] [46] [47] . Ting [46] modeled the phase behavior of crude oil using three pseudo-components representing saturates (e.g., alkanes and naphthenes), aromatics, and asphaltenes. Ting correlated the PC-SAFT parameters to molecular weight (MW) and calculated parameters for the three pseudo-components using a weighted averaging term, defined as aromaticity. Ting [46] fit aromaticity to the bubble-point pressure and defined it to vary from 0 for poly-nuclear aromatics (PNAs) to 1 for benzene derivatives (BDs). Gonzalez [44] modified the PC-SAFT correlations reported by Ting [46] and redefined the range of aromaticity from 0 for BDs to 1 for PNAs. Punnapala and Vargas [45] fit aromaticity to the saturated liquid density and bubble-point pressure and redefined the range of it from 0 for normal alkanes (n-alkanes) to 1 for PNAs. The redefined range of Punnapala and Vargas provided better phase behavior predictions for crude oils.
Abutaqiya et al. [42] studied several crude oils and predicted density and phase behavior using a single pseudo-component. They used the PC-SAFT correlations proposed by Gonzalez and fit aromaticity to experimental saturated liquid density and bubble-point pressure. Burgess et al. [47] fit correlations for the PC-SAFT parameters to high temperature and high pressure (HTHP) experimental data [48] and predicted density for two crude oils. To make the approach predictive, they calculated aromaticity from the hydrogen to carbon (HN/CN) ratio of the fuel obtained from elemental analysis using a definition proposed by Huang and Radosz [27] .
Previous techniques for predicting density and derivative properties for complex mixtures have been limited by the need for experimental measurements to fit the EoS parameters or requiring complex compositional characterization to define multiple pseudocomponents. This study describes the development of a single, pseudo-component technique using the PC-SAFT EoS to predict density, isothermal compressibility, and the volumetric thermal expansion coefficient for hydrocarbon mixtures without the need for The PC-SAFT EoS, developed by Gross and Sadowski [33] , is molecularly based and accounts for the effects of molecular size, molecular shape, dispersion forces, and association of molecules. Details of the EoS can be found elsewhere [33] . In the present study, contribution of the association term is neglected since the compounds in the fuels and hydrocarbon mixtures do not exhibit association, such as hydrogen bonding. The residual, reduced Helmholtz free energy (̃) of the pseudo-component is expressed as:
where ̃ℎ and ̃ are the contributions of the hard chain and dispersion reduced Helmholtz free energies, respectively.
Pure-component PC-SAFT parameters (i.e., , the number of segments per chain; , the segment diameter; and ⁄ , the depth of the potential well) are generally fit to vapor pressure and saturated liquid density data [33] . They also can be determined from group contribution (GC) methods [55] [56] [57] . The GC parameters from most methods are not fit to high pressure data and lead to property predictions which deviate at high pressures [56] [57] [58] [59] [60] [61] . Since Burgess et al. [49] fit their GC parameters to HTHP density data, and their parameters are used in this study.
Pseudo-component Technique
The GC parameters published by Burgess et al. [49] are used to calculate the PC-SAFT parameters of the 140 compounds reportedly found in two different diesel fuels [35] . Table 1 : PC-SAFT parameter correlations as a function of MW (g/mol) for n-alkanes and PNAs used in this study. 
Similar to the aromaticity parameter used by Punnapala and Vargas [45] , the Z parameter is used to average the contributions of the two bounds (i.e., n-alkanes and PNAs) for each pseudo-component PC-SAFT parameter, Eq. 4-6.
The hydrocarbon mixtures and diesel and jet fuels in this study do not contain compounds with DoUs greater than 10 (i.e., phenanthrene). However, DoUs greater than 10 would be calculated for PNAs using the DoU correlation as a function of MW if the mixture number average MW is greater than that for phenanthrene (i.e. 178 g/mol). Thus, direct application of Eq. 2 could underpredict the Z parameter. Instead, an upper bound of 10 is assigned for the DoU of PNAs when the mixture number averaged MW is greater than 178 g/mol, and the Z parameter is redefined as shown in Eq. 7.
The PC-SAFT parameters of the pseudo-component can be calculated using a combination of either the original expression for the Z parameter (Eq. 2) or the alternative expression (Eq. 7). Both approaches are used in the following property predictions for well-characterized hydrocarbon mixtures, four diesel fuels, and two jet fuels. PC-SAFT fluid property calculations are performed using the VLXE/Blend software [62] . For clarity only the isotherms at the lowest and highest temperatures are shown. However, the reported statistical measures include data at all temperatures available for the literature experimental data. Deviation plots are included in the SI.
Statistical measures reported include percent deviation, maximum deviation (Max D), standard deviation (SD), MAPD, and bias. These are defined by Eq. 8-12.
In Eq. 8-12, , , N, and ̅ denote the experimental data point, the prediction, number of data points, and the mean, respectively. Table 3 . Mixture properties and PC-SAFT parameters of the pseudo-components for hydrocarbon mixtures predicted in this study. When the number averaged MW of the mixture is less than the MW of phenanthrene, Eq. 7 reduces to Eq. 2, and the original and alternative Z parameters are the same. Table 4 . The MAPD (%), bias (%), SD (%), and Max D (%) for density predictions of the M1 hydrocarbon mixture with different compositions of methyl-cyclohexane (MCH) and n-heptane. Table 5 . The MAPD (%), bias (%), SD (%), and Max D (%) for density predictions of M2-M6 hydrocarbon mixtures. When the number averaged MW of the mixture is less than the MW of phenanthrene, Eq. 7 reduces to Eq. 2, and the original and alternative parameters are the same.
Hydrocarbon Mixtures
Direct experimental measurement of the isothermal compressibility ( ) and volumetric thermal expansion coefficient ( ) is challenging, which is reflected in limited data available in the literature. Therefore, density data are fit to the Tait equation, Eq. 13, and the isothermal compressibility (Eq. 14) and volumetric thermal expansion coefficient (Eq. 15) are calculated from derivatives of the Tait fits to density.
= − 1 ( )
In Eq. 13, 0 is the density at the reference pressure of 0.1 MPa, is a temperature dependent parameter, and is a constant. Values for 0 and fit to each isotherm were subsequently fit to second order polynomials as a function of temperature, Eq. 16 and 17. Table 7 . The MAPD (%), bias (%), SD (%), and Max D (%) for volumetric thermal expansion coefficient predictions of hydrocarbon mixtures.
Diesel and Jet Fuels
Commercially available distillate fuels (e.g., diesel, gasoline, kerosene, jet fuels) are composed of hundreds of hydrocarbons. Composition depends on the source of the crude oil, distillation conditions, target fuel quality specifications [70, 71] , and additional processing and blending with additives. Outcalt et al. [72] Table 8 . Summary of available density data for diesel and jet fuels measured up to high temperatures and pressures.
Aquing et al. [35] used gas chromatography to characterize the composition of the chemical families in the two diesel fuels shown in Table 9 . One of the fuels is a conventional diesel fuel distilled from Middle Eastern crude oil (Middle East Straight Run (SR)) and the other is a fuel treated after distillation to hydrogenate aromatic compounds (Highly Naphthenic). Saturated compounds (i.e., normal alkanes, branched alkanes, cyclohexanes, and decalins) comprise 70 mol% of the Middle East SR diesel fuel and 65 mol% of the Highly Naphthenic diesel fuel. There is a significant difference in concentrations of naphthenes (i.e., cyclohexanes and decalins) and alkanes between the two diesel fuels. The Middle East SR diesel fuel contains 20 mol% naphthenes and about 50 mol% normal and branched alkanes compared to 46 mol% naphthenes and 20 mol% normal and branched alkanes in the Highly Naphthenic diesel fuel. Figure 6 shows the MW distribution of the 140 different compounds identified in these diesel fuels. The MWs of compounds in the Middle East SR diesel fuel range from 100 to 370 g/mol with the majority of compounds having MWs between 150 to 300 g/mol. The MW distribution of the Highly Naphthenic diesel fuel is wider from 100 to 480 g/mol. However, the majority of compounds have lower MWs between 100 to 260 g/mol, as compared to the Middle East SR diesel fuel. Although not shown here, compositional variability is also observed between the different jet fuels reported in the literature [35, 85, 86] Table 9 . Molar composition (%) and carbon number ranges of chemical families found in Middle East SR and Highly Naphthenic diesel fuels obtained from gas chromatography. Data from ref. [35] . Figure 6 . Molecular weight distribution (left) and cumulative mole percent (right) of the compounds in Middle East SR and Highly Naphthenic diesel fuels from gas chromatography. Data from ref. [35] . Table 10 presents the mixture properties for the four diesel fuels and two jet fuels in this study, the parameter, and the PC-SAFT parameters of the pseudo-components for both combinations of approaches. Table 10 . Mixture properties and PC-SAFT parameters for the pseudo-components of diesel and jet fuels predicted in this study. When the number averaged MW of the mixture is less than the MW of phenanthrene, Eq. 7 reduces to Eq. 2, and the original and alternative parameters are the same. Table 11 . The MAPD (%), bias (%), SD (%), and Max D (%) for density predictions of diesel and jet fuels. Table 12 show similar values for the diesel and jet fuels. The alternative equation for calculating does not significantly improve the predictions for the fuels studied in this work. Table 12 . The MAPD (%), bias (%), SD (%), and Max D (%) for isothermal compressibility predictions of diesel and jet fuels. these four fuels, do not exhibit a temperature crossover. Table 13 summarizes the statistical measures for predictions of the volumetric thermal expansion coefficient for the four diesel fuels and two jet fuels using the original and alternative approaches for calculating for the calculation of the PC-SAFT parameters.
PC-SAFT parameters
For the volumetric thermal expansion coefficient calculations, the alternative approach for calculating does not significantly improve the predictions for the fuels studied in this work. Table 13 . The MAPD (%), bias (%), SD (%), and Max D (%) for volumetric thermal expansion coefficient predictions of diesel and jet fuels.
A discussion is found in the SI on the potential sources of error in the derivative property predictions. Lafitte et al. [87] suggest that the inaccuracy in derivative property calculations is a result of the intermolecular potential used in the PC-SAFT EoS.
Predictions can be improved if a Mie potential is used instead of the square-well potential used in PC-SAFT. The Mie potential is used in more recent SAFT variants (i.e., SAFT for variable range interactions with Mie potentials (SAFT-VR Mie [88] ) and SAFT--Mie
[89]). However, these SAFT variants are not currently as widely used in industry as is PC-SAFT. Predictions could also be improved by simultaneously regressing the PC-SAFT parameters (or the GC parameters) to both density and derivative properties, similar to the approach of de Villiers et al. [29] . Much broader data sets are needed such as saturated liquid density, isochoric heat capacity, vapor pressure, enthalpy of vaporization, and speed of sound as used by de Villiers et al. [29] . 
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